Introduction
78 H KM, are both nonnegative and have one small dimension K that represents the number of the 79 latent features in the data (Fig. 1) . A mathematically rigorous formalism is given in the later 80 sections. NMF ability to identify easy interpretable latent features enables discoveries of new 81 causal structures and unknown mechanisms hidden in the data as discussed in the literature [38] .
82 Surprisingly, the implementation of NMF for analysis of MD simulations at the interface of 83 physics and biology has been lacking.
85
Here, we present a new unsupervised machine learning algorithm based on NMF combined 86 with custom k-means clustering, called NMFk, capable of analyzing phase separation in a system 87 of mixed lipids directly from the pre-processed trajectories derived by MD simulations. We use 88 CG MD simulations of a physical system that comprises a 3-component lipid mixture, commonly 89 accepted to mimic the behavior of a cellular plasma membrane [5] . We show that NMFk, applied 90 to a pre-selected data from these simulations is able to, (a) determine the molecules that play 148 149 A typical process of molecular lipid phase separation is depicted in Fig. 2 . Initially, the 150 lipid components are randomized, mimicking the homogeneity at a high-temperature ( Fig. 2A) .
151 Subsequent fast quenching of the mixture to 290 K, well below the melting temperature of the 152 fully saturated DPPC lipid, leads to the rapid formation of nanoscale domains on a submicrosecond 153 time scale with the Updated Martini force field ( Following the conventional approaches to quantify the segregation tendency, we compute 165 the normalized total contacts between DPPC and DOPC as a function of simulation time (Fig. 2C) .
166 Initially, these contacts are featured by larger values, meaning that these two lipid types are indeed 167 in close contact, highlighting the initial homogeneous lipid mixing of the system. However, with 168 the Updated Martini, lipid segregation leads to a decrease in the total number of contacts between 169 DPPC and DOPC ( Fig. 2C black line) . Whereas, the contacts remain unchanged in the simulations 170 with the standard Martini ( Fig. 2C red line) 185 to the second peak of the DOPC-DPPC radial distribution function (Fig. 3 blue dashed line) . The 186 number of neighbors within this distance serves as the order parameter for the lipid phase 187 separation. This neighbor data is recorded at consecutive simulation time points, t = ( 1 , 2 , …,
188
, corresponding to the time evolution of the system up to first 2 us. (Fig. 2C) . NMFk decomposes the nucleation process in two components, 320 as shown in Fig. 6 , where the distinction is made on the temporal profiles of primary lipids from 321 the nucleation domains from those that are still outside the nucleation domains. In Fig. 7A , we present the concrete 341 primary lipids that remain in the same cluster with small (purple color) or high (yellow color) 342 probability to have a secondary lipid-neighbor at consecutive time intervals, which represents the 343 evolution of nucleation. The inset in Fig. 7A demonstrates the system at much later time (~ 20 344 microseconds) after the initial nucleation when the phase separation has reached equilibrium and 345 the primary lipids that are located in nucleation domains mostly preserve their membership in time.
346 Importantly, this evolution of the primary lipids can be easily mapped at their spatial coordinates. 358 Specifically, we implement that algorithm here to detect and describe the lateral lipid segregation 359 in a simplistic lipid "raft" model composed of a well-characterized ternary lipid mixture. Based on 360 this study, we believe that the NMFk formalism can be also implemented for extracting relevant 361 features from a more complex biological membrane. 516 The combination of these two criteria is easy to understand intuitively. For solutions with less 517 than the actual number of patterns ( < ) we expect the clustering to be good (with an average 518 Silhouette width close to 1), because several of the actual patterns could be combined to produce 519 one "super-cluster"; however, the reconstruction error will be high, due to the model being too 520 constrained (with too few degrees of freedom), and thus on the under-fitting side. In the opposite 521 limit of over-fitting, when > ( exceeds the actual number of configurations), the average 522 reconstruction error could be quite small -each solution reconstructs the observation matrix very 523 well -but the solutions will not be well-clustered (e.g., with an average Silhouette substantially 524 less than 0.8), since there is no unique way to reconstruct with more than the actual number of 525 configurations, and no well-separated clusters will be formed. 
550 and accordingly supplies exactly one element to each cluster. During the clustering, the similarity 551 between patterns is measured using the cosine similarity. 568 A README file with list of the included in supporting information files, the links to publicly 569 available repositories along with their brief description and short instructions is also provided as 570 supporting information.
571
The simulated lipids' trajectories data (~ 100GB) is available freely, but because of its size, 572 upon request to gnana@lanl.gov. 
